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Abstract- Network selection technique will be one of 
the deciding factors in determining the success of 4G 
network. This is because even though the 4G network 
technologies such as IEEE 802.16m and LTE-A is 
capable of providing 4G performance, the benefits 
that these technologies extol will not trickle down to 
the mobile nodes (MN) involved if the network 
selection method is inefficient. High speed MNs will 
be a feature of 4G networks as these networks are 
capable of supporting MNs that move at a speed of up 
to 250km/hr. Therefore, a network selection 
mechanism that takes into account MN’s mobility 
scenario is absolutely necessary. Network 
communication environment that is heterogeneous, 
whereby MNs with multiple interfaces can connect to 
is also becoming the norm. This means network 
selection method that can provide personalized 
Always Best Connected (ABC) is vital in maximizing 
the potential of heterogeneous candidate networks 
(CN) in fulfilling user’s needs. This paper discusses 
how this can be attained using a network selection 
methodology that encompasses dynamic weights and 
detailed user requirement data collection. 
Keywords—network selection; ABC; dynamic 
weights; AHP; GRA; 4G 
I. Introduction 
An efficient network selection method is important 
in ensuring optimum communication is maintained. 
The impact of an access network selection method 
is even more pertinent in a 4G network 
environment. This is because according to 
International Telecommunications Union Radio 
Standardization Sector (ITU-R), a 4G network is 
able to provide bandwidth of up to 1Gbps for MNs 
that are moving at pedestrian speed. Additionally, a 
4G network must also enable a MN that’s moving 
at the speed of 250 km/hr to achieve a bandwidth of 
100 Mbps. As per these requirements, a 4G 
network is expected to satisfy diverse needs 
spreading over two extreme ends. On one hand, 
mobile nodes (MN) moving at pedestrian speeds 
achieve very high throughput and conversely, high 
speed MNs are also capable of achieving high 
throughput. In order to satisfy these seemingly 
opposing needs, an efficient and intelligent access 
network selection mechanism is needed. Current 
access selection mechanism chooses the next target 
network to handover to by using limited set of 
criteria. Access network selection mechanism that 
uses single or limited criteria to decide candidate 
network (CN) ranking increases the chance of 
handing over to an unsuitable target network. This 
in turn will be detrimental to the level of QOS 
achieved. So far, ITU-R has recognized 2 candidate 
technologies to support 4G network namely LTE-
Advanced and IEEE 802.16m. Both these 
standardizations are capable of meeting ITU-R’s 
4G requirements. Unfortunately, the technical 
benefits these technologies espouses will not trickle 
down to the communicating MNs unless the access 
network selection method makes the right decision 
and selects the best target network. An access 
network selection method must take into account 
various criteria from all the main stakeholders 
(user, MNs, and CNs) in order to provide a holistic 
solution. A method that neglects any one of these 3 
main stakeholders will not be able to identify the 
context on which the network selection occurs. In 
implementations of 4G networks, the context of the 
network is highly dynamic, therefore identifying 
the context is vital. This scenario is made even 
more challenging by the fact that MNs now are 
capable of connecting to different types of access 
networks using multiple interfaces. A typical 
scenario facing an access network selection method 
is a large pool of CNs of different access types to 
choose from, for MNs of varying speeds, each 
running multiple applications that have its own set 
of QOS requirements that must be satisfied. 
Another reality facing access network selection is 
to enable Always Best Connected to MNs by 
choosing the best target network. It is very 
challenging to support ABC in a 4G environment 
as MNs in this environment can go up to 250 km/hr 
speed thereby the changing of access network 
connection will occur often and rapidly. Current 
approaches in solving network selection problem 
(NSP) tend to use static weights to indicate the 
importance of criteria values. This is not applicable 
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in a 4G network as MNs is able to move at 
pedestrian and suddenly switch to a speed of 250 
km/hr almost instantaneously. Additionally, 
Always Best Connected (ABC) will be an expected 
feature of future network communications. But, 
ABC may not mean the same for each user. A 
network selection mechanism that applies the 
standardized weights and ranking and/or neglects 
user preferences as suggested by current 
approaches [3, 8, 16] will not be able to provide 
ABC much less personalized ABC. This paper 
presents a network selection methodology that is 
capable of providing a holistic solution, 
personalized ABC that enhances Quality of 
Experience (QOE). Structure of this paper is as 
follows: Section II presents related work. Section 
III presents the framework. Section IV presents 
some simulation results and finally Section V 
concludes and suggests future works. 
II. Related Work 
This section describes related work that focuses on 
Multi-Attribute Decision Making (MADM) 
techniques. Research done in [22] shows why 
MADM techniques are suitable when used in 
tandem with high speed MNs. Specifically, two 
MADM techniques is highlighted here as these 
techniques are the one used in the suggested 
framework. Analytical Hierarchy Process (AHP) is 
used to define weights for criteria values and Grey 
Relational Analysis is used as the ranking 
mechanism. AHP is suited for high speed MNs and 
in situations where multiple criteria is used to make 
decisions and is also scalable as it uses a 
hierarchical structure to dissect the problem  [21, 
22]. GRA is chosen as it can be used for attributes 
that have both monotonic and non-monotonic 
utilities [10, 22]. Artificial Intelligence (AI) based 
approaches is also discussed here as these methods 
indicates emerging trends in solving NSP. Hybrid 
methods that combine 2 or more MADM 
techniques to select CN are also included here. This 
is because the proposed method uses a hybrid of 2 
MADM techniques, therefore related work in this 
area in analysed as well. 
A. Analytical Hierarchy Process 
AHP is primarily a weighting mechanism. 
Attributes that are pivotal in making the right 
decisions must be given weight indicating its 
importance. AHP was created in 1977 to assist in 
decision making for unstructured problems. AHP 
can easily consider a multitude of attributes 
simultaneously prior to making its decision. 
Moreover, AHP can handle both quantitative and 
qualitative data [6]. The attributes under 
consideration must be arranged in a hierarchical 
structure first, descending from an overall goal to 
criteria, to subcriteria and alternatives in successive 
level [21]. The decision maker has to indicate 
his/her preferences by comparing the criteria and 
subcriteria and alternatives with respect to the 
overall goal. AHP uses pair-wise comparison to 
derive the weights for each attribute. Pair wise 
comparison means the importance of an attribute is 
derived by comparing it with another attribute. As 
derived in [21], the fundamental AHP scale of 1 to 
9 is used to indicate importance whereby 1: Equally 
important, 3: Moderately more important, 5: 
Strongly more important, 7: Very strongly more 
important, 9: Extremely more important.  
B. Grey Relational Analysis 
According to [5] GRA is based on building grey 
relationships between elements of two series in 
order to compare them quantitatively. One of the 
series refers to the ideal values for all attributes 
(called reference sequence) in consideration 
whereas the second series are attribute values from 
the candidate networks in consideration (called 
comparability sequence) Based on [5, 23], GRA is 
implemented using the following steps: 
1. Grey relational gathering – this involves 
the process of classifying the elements of 
series into 3 groups namely: larger-the-
better, smaller-the better, nominal-the 
best. Lower, upper and moderate bounds 
of series elements are defined and finally 
normalization of the attribute values is 
done. 
2. Reference sequence definition – ideal 
target sequence is determined 
3. Grey relational coefficient (GRC) is 
calculated – GRC is used to describe how 
the reference sequence and all 
comparability sequences are similar as 
well as vary. 
4. Grey relational grade calculation – ranks 
the candidate networks based on their 
GRC values whereby the network with the 
highest GRC value is the best candidate 
network among the alternatives. 
Based on GRA, we can derive that when attributes 
values are increasing or decreasing, the utility or 
suitability of those attributes does not necessarily 
increase or decrease monotonically as in the case of 
nominal-the-best. This aspect of GRA renders it 
suitable to satisfy conflicting objectives. For 
example, when cost needs to be balanced against 
other criteria, then the candidate network that 
provides the nominal-the-best values at a fraction 
of the cost may be ranked first. This can only be 
achieved when using GRA as oppose to all the 
other methods discussed. Other methods tends to 
always look for the “best” network in all aspects, 
which may be unlikely, and even if it identifies a 
network that has the highest (i.e. bandwidth) or 
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lowest (i.e. delay), chances are all the other MNs 
are also eyeing the same said network. This will 
increase the network’s load rendering it very 
unattractive and though it has the best of 
everything, may not be able to serve the MN as it 
suppose to. 
C. Fuzzy AHP 
Fuzzy AHP is an extension of AHP. AHP has been 
criticized as being unable to handle imprecise and 
inaccurate data [15]. AHP needs criteria values to 
be defined as crisp numbers. In the fuzzy AHP 
procedure, the pairwise comparisons in the matrix 
are fuzzy numbers. To accommodate fuzzy values 
Saaty’s AHP scale is modified as shown in Table 1 
[16]. Based on a set of standardized answers 
(linguistic variables) provided through appropriate 
question forms, the corresponding triangular fuzzy 
values are defined and the pair wise comparisons 
matrix A is constructed as: 
 
 
Final weights of alternatives can be acquired from 
different methods that have been proposed in the 
literature [6, 16]. This is followed by a test to check 
the consistency of the pairwise ratio using a 
consistency ratio as defined in [16]. A consistency 
ratio of less than 0.1 is needed to consider the pair-
wise comparison as legal. Fuzzy AHP has been 
criticized as too complex for high speed MNs. It 
also doesn’t scale well [15, 22].   
D. Fuzzy Inference System  
Fuzzy Inference System (FIS) is another fuzzy 
logic based system that uses the weight determined 
by the inference system by applying a series of 
rules [7]. FIS has been criticized for not being 
scalable and adaptive [7], therefore adaptive 
network based FIS (ANFIS) was developed. 
ANFIS uses a back propagation learning algorithm 
in order to define rules. But a method that uses self 
learning needs lots of training before it stabilizes.  
E. Hybrid Methods  
Hybrid methods are network selection methods that 
combine two or more of the above discussed 
strategies to identify target network. Most 
techniques that attempts to overcome NSP 
emphasizes on weightage and ranking mechanism. 
Therefore, the hybrid methods that are discussed 
below do just that. 
1. SAW and MEW 
A combination of SAW and MEW was used in [12] 
to solve network selection problem for a vertical 
handover scenario. This proposed work uses only 
four attributes to base its decision which is not 
sufficiently enough to gauge the context Moreover, 
the speed of the MN is not included as one of the  
 
 




0.5 Equally important 
0.55 Slightly important 
0.65 Important 
0.75 Strongly important 
0.85 Very strongly important 
0.95 Extremely important 
deciding attribute. As previously discussed, MN’s 
mobility speed will vary vastly in a 4G 
environment and this has to be factored in. 
Moreover, no discussion was done on how to 
provide personalized ABC. Additionally, user 
preference was not considered either. ABC has 
different meaning to each and every user. When 
this is not captured, then ABC can never be fully 
provided. 
2. AHP and GRA 
A hybrid method using AHP and GRA is used in 
[5,18] as a network selection mechanism. The 
proposed method in [18] uses only user preference 
and network parameters to make its decision. 
Again, this method is not holistic as it does not 
consider MN parameters. It also uses fixed 
allocation of weights. The technique used to derive 
the network parameter values is not discussed. The 
solution designed in [5], presented two different 
methods used to calculate AHP weight. The first 
method derives the weight by calculating the 
contribution of each parameter to the total QOS. 
The second method calculates each parameter’s 
weight according to network performance. This 
research focuses on identifying the best method 
between these two in deriving the weights. Both 
methods when applied give results of different 
usefulness. Therefore, the discussion in this work 
does not address network selection per se but 
instead looks at different ways to define QOS in 
terms of AHP weights. 
 
3. Fuzzy AHP and Electre 
This combination was proposed in [6]. Fuzzy AHP 
was used to allocate weights to the attributes 
whereas Electre was used to rank CNs. User 
preference was indicated by using cost as a factor. 
It is not sufficient to assume that a single criterion 
is able to represent user preference. Furthermore, 
attributes were not collected from the MN. 
Therefore, an essential stakeholder’s viewpoint has 
been neglected. Also, the proposed mechanism was 
evaluated using a numerical example.  No 
simulation studies were done to prove the efficacy 
of this solution.  
4. Fuzzy Logic and ANFIS 
This combination was proposed in [1]. 
Unfortunately, this proposed mechanism uses 
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attributes collected only from CNs. User preference 
as well MN’s attribute values were not taken into 
account. The simulation scenario used to evaluate 
this method is limited as it uses a MN that moved 
at same speed on a straight line generating only 
voice traffic. A modification of this method was 
suggested in [2] whereby Genetic Algorithms were 
used instead of ANFIS. Genetic Algorithms were 
used to obtain optimized membership functions off 
line and this was fed to the fuzzy logic engine. Due 
to the volatile nature of wireless networks this 
technique may not produce optimal results at all 
times as uncertainties are not captured. 
5. Fuzzy Logic, AHP and Genetic Algorithm 
These combined methods were proposed in [13]. It 
uses three parallel fuzzy logic subsystems to reduce 
complexities that are normally inherent in AI based 
network selection solutions.  This scheme was 
tested using only four criteria which would hardly 
constitute a well realized context. The authors 
further modified their solution by using an 
enhanced version of AHP [14]. This version also 
did not collect any attributes from the MN. 
 
III.H-AHP-GRA with Dynamic Weights 
As indicated in [22] Holistic Network Selection 
using AHP-GRA provides a holistic solution to the 
problem of network selection. It is also suitable for 
high-speed MNs as in the case for a 4G network. 
Previous work on NSP [4, 20,24] uses static 
weights to indicate the importance of one attribute 
value compared to another. H-AHP-GRA uses 
dynamic weights that are proportional to the speed 
of the MN. This is because previous research has 
shown that a high speed MN suffers from higher 
delay, higher numbers of packet dropped and lower 
throughput [17,19]. MN’s application can be 
grouped into one four categories: voice (C1), video 
(C2), background (C3) and best-effort (C4). 
Generally, C1 class traffic requires stringent 
priority, delay and jitter requirements. Therefore, a 
MN that is running a C1 application  that is also 
moving at high-speed needs to have the weightage 
assigned to indicate the importance of attributes bit 
rate and packet error rate (PER) changed to reflect 
the current scenario. The weightage for delay 
remains the same as it is already assigned a high 
weightage for C1 application. Initially, the AHP 
matrix for C1 traffic is as shown below: 
 
Table 2 AHP Matrix for C1 Traffic 
C1 Priority Bit 
Rate 
Delay  PER Jitter 
Priority 1 7 1 7 1 
Bit 
Rate 
1/7 1 1/7 1 1/7 
Delay  1 7 1 7 1 
PER 1/7 1 1/7 1 1/7 
Jitter 1 7 1 7 1 
 
 
The weights of C1 traffic are determined using 
geometric mean method as shown below.  
 
 
When the MN moves at a high speed (i.e. at 
highway speed), the AHP matrix for the 
corresponding C1 traffic is revised as shown in 
Table 3[22]. By using the same geometric mean 
method as depicted above, the corresponding 
weight for priority, delay and jitter changes to 
0.3281 respectively and the weight for both bit rate 
and PER are 0.0078. Next, GRA is used to rank the 
CNs. Due to the change in the weights assigned to 
certain attributes; the ranking of CNs may yield a 
different ranking order more reflective of the MN’s 
mobility scenario. This in turn will provide 
personalized Quality of Experience (QOE) as 
opposed to static and theoretical QOS values that 
does not take into accounts the MN’s current 
context. Another area that H-AHP-GRA is suited 
for is to provide personalized ABC.  Different users 
may have a different idea of what ABC means to 
them. A user’s ABC context is best judged by using 
user preferences as an indicator. H-AHP-GRA 
proposes identifying user preferences manually 
offline. Whenever user decides to change his/her 
preferences, he/she can do so. H-AHP-GRA 
requires user to indicate their preference in order of 
importance. This is so that personalized ABC can 
be provided. For example, user indicates cost, QOS 
and security in descending order of importance. 
Due to the nature of GRA that uses 3 equations to 
rank CNs, the same 3 equations can be used 
differently for the user preference values. The 
smaller-the-best equation can be used for cost, the 
larger-the-better for QOS values for attributes such 
as bit rate and smaller-the-better for PER and 
delay; and nominal-the-best for security. If another 
user indicates order of importance in the reverse 
compared to the previous user, then the right 
equation can be used to impact the ranking of the 
CNs to reflect personalized ABC; in this case, the 
larger-the-better for security and same as user 1 for 
QOS and the smaller-the-better for cost. In fact, 
user preference can be indicated similar to an AHP 
matrix whereby weightage is given to attributes to 
indicate how much more one attribute is important 
compared to another. For example, if a user says 
that cost is extremely important compared to QOS, 
then the smaller-the-better equation is applied to 
cost whereas the nominal-the-best is applied to bit 
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rate. Because when a CN network provides the 
larger-the-better bit rate, that means that CN will  
 
Table 3 Revised AHP Matrix for C1 Traffic 





Priority 1 3 1 3 1 
Bit 
Rate 
1/3 1 1/3 1 1/3 
Delay  1 3 1 3 1 
PER 1/3 1 1/3 1 1/3 
Jitter 1 3 1 3 1 
charge more for the excellent bandwidth it is 
providing. Since the cost is extremely important as 
opposed to bit rate then, nominal the best can be 
applied to the bit rate attribute. This will provide 
better user satisfaction as it matches his/her 
preference thereby providing personalized ABC. 
Recent approaches [11] are using self-learning 
algorithm to identify user preferences without user 
intervention. How far this will be adapted into 
network selection solutions is yet to be seen. 
However, a self learning algorithm needs time and 
training data to learn and when a user changes 
his/her preference regularly then this impedes the 
success of the learning algorithm. 
 
IV. Simulation Results 
Simulation was implemented in NS version 3.12 to 
check the efficacy of H-AHP-GRA in terms of the 
impact of the MN towards the number of dropped 
packet and throughput achieved. This simulation 
involves 2 MNs, one of which is static and the 
other is moving at different speeds. A UDP traffic 
flow is sent from the static MN towards the moving 
MN. The MNs implement IEEE 802.11b standard. 
The simulation is run for 100 seconds. Figure 1 
shows how when the MN moves an increasing 
speed, the number of packets dropped are higher. 
The simulation is set up so that the receiver is 
inundated with packets and has to drop the packets. 
But, as shown in Figure 1 when the receiver MN is 
immobile, the number of dropped packet is 0. This 
changes drastically when the same MN starts to 
move. The graph in Figure 2 shows throughput is 
reduced as the MN move at increasing speed. Even 
though the reduction in the value of throughput 
achieved is small, the trend shows when MN’s 
speed increases, the throughput is lower. Even 
though this simulation is executed using IEEE 
802.11b and the speed is reflected in m/s the end 
result is an MN’s speed impacts both the number of 
dropped packet as well as throughput achieved. The 
repercussion should be more severe for a 4G 
network as the MN can go up to speed of 250 
km/hr. This proves that dynamic weights are 
absolutely necessary to improve QOE. 
V. Conclusion and Future Work 
H-AHP-GRA that implements dynamic weights to 
reflect MN’s mobility is able to support QOE 
better. The simulation results indicate that the 
MN’s increasing speed is detrimental towards 
achieving QOE. Therefore, weights that take this 
into account and adjust accordingly will improve 
QOE. Also, GRA’s abilities to support attributes 
with non-monotonic utility values equips it to 
support personalized ABC. Other ranking 
mechanism [6, 13, 16] assumes that attribute values 
either increase (bit rate) or decrease (delay) 
monotonically. In other words, the higher (or 
lower) the bit rate (or delay), the better the CN’s 
ranking. This will be insufficient to support 
personalized ABC. H-AHP-GRA can overcome 
this constrain by using a combination of monotonic 
and non-monotonic utilities for attribute values. 
Future work includes finding the exact correlation 
between MN’s speed and the AHP weight. Further 
simulations needs to be done to prove the 
correlation between maximum coverage 
experienced (MCE) as defined in [22] and QOE.
 
Figure 1 Dropped Packet  vs Speed    
 Figure 2 Throughput  vs Speed 
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